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Introduction
By now, a wide literature has investigated the effects of public subsidies on private R&D. Although this literature provides substantial evidence that subsidies are an effective tool to trigger additional R&D in the private sector 1 , it is an open question at which stage of the R&D process such policy is most effective. R&D grants affect two related, but distinct activities, namely research ('R') and development ('D'). Research activities show fundamentally different characteristics from development activities, as research typically relates to more tacit knowledge, higher intangibility, higher outcome uncertainty and further market distance. These different characteristics may also explain different financing constraints, which are more binding for research than for development projects (Czarnitzki et al. 2011) . As research typically involves early-stage activities with a wider set of possible applications, lower appropriability, and hence, higher knowledge spillovers, higher social returns are usually attributed to research than to development activities. These expected social returns related to research are usually used to make a bigger case for subsidizing research compared to development projects.
Previous studies on the impact of R&D subsidies generally do not distinguish between research and development. Partly, this is due to a lack of access to information on the nature of the project for which the subsidy was received as well as on how much private money firms spend on each of these activities. A study on Norwegian innovation policy by Clausen (2009) constitutes an exception. Clausen applies a taxonomy that distinguishes between projects that are "close to the market" and projects that are "far from the market". The author finds that while subsidies received for projects far from the market stimulate additional research spending, subsidies received for projects close to the market rather substitute firms' own spending on development. These results suggest that the extent to which public co-funding of R&D projects induces additional investments depends on the type of project. However, this study's classification of R&D subsidies is based on a taxonomy defined by the author, not by the policy design of the program under review. 1 See for instance Hall and Maffioli (2008) who examine the literature on crowding-out effects since 2000. They find that most studies reject the null hypothesis of total crowding out of private R&D investments, with the exception of Wallsten (2000) , analyzing the SBIR program in the United States who found dollar per dollar crowding-out effects. For recent studies on the effect of subsidies in Flanders, see for instance Czarnitzki and Lopes-Bento (2013) and Hottenrott and Lopes-Bento (2014) .
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The analysis presented in this paper investigates a project-based innovation policy implemented in the Belgian region of Flanders, which explicitly provides different schemes for research projects and development projects. Using data on all publicly co-financed projects, we are able to match the subsidy information with survey data that includes information on firms' own investment split in research and development. We study the period 2000 to 2009 in which during the first five years mainly mixed projects had been co-funded, while more recently, the policy has shifted to mainly support research and development projects separately. This unique dataset allows us to study direct as well as cross-scheme effects of such a targeted subsidy program.
Our analysis contributes to the existing literature in several ways. First, the ability to distinguish research from development grants allows us to assess the direct effects from research grants on research expenditures and from development grants on development expenditures.
Second, we measure cross-scheme effects, assessing whether we find evidence for effects from research (development) grants on development (research) expenditures. Third, as we have information on the amount of subsidies received, both own as well as cross effects are measured on "net" expenditures. That means that our analysis not only detects evidence for full crowdingout as done primarily in the literature, but we can also draw conclusions on partial crowding out.
Furthermore, we are able to estimate dose response functions that allow drawing conclusions on the elasticity of private R and D investments to public support depending on grant size. Finally, we investigate the heterogeneity in direct and cross additionality effects across recipient firms.
The results from a series of treatment effects models show that research subsidies induce additional net private research expenditures. In addition, research subsidies also generate significant positive cross-effects on development expenditures. For development subsidies, the direct effect on net private development investment is weaker, but we do find that development grants trigger significant additional research spending. While we find the elasticity of R and D to be positive for the mean amount of public money received, we find -especially for research grants -that the elasticity varies with grant size. Moreover, we find heterogeneity in the size of the treatment effect depending on firm size and age.
The paper proceeds as follows: Section 2 and 3 briefly describes the policy under review and the distinction between R and D schemes and present our hypotheses. Section 4 sets out the econometric framework and the data. Section 5 presents the results and section 6 concludes. 
The policy design -Why distinct subsidy schemes?
R&D projects comprise different types of activities. Basic research primarily aims at acquiring new knowledge not necessarily with its application in mind, while applied research is an activity directed towards a specific application objective. Development draws from existing research results and aims at the creation and implementation of new and improved products and processes.
Following the definition of the OECD Frascati Manual, research projects can be characterized by a high degree of outcome uncertainty and by being 'far from the market' without targeting commercialization opportunities directly. Research projects, however, create the foundations for future development projects (see e.g. Mansfield et al. 1971) . Because research involves early stage technologies, the new knowledge is often tacit and therefore more difficult to fully appropriate by the creator of the knowledge (Arrow, 1962; Usher, 1964) . Thus, economic theory suggests that the difference between social rates of returns and private ones is larger for research activities because of higher spillovers and hence, lower appropriability. Development projects, on the contrary, aim at commercializing inventions. As the development trajectory is more focused and often more incremental, it is less prone to spillovers when compared to research. Development outcomes may also be more tangible if firms protect their "close to the market"-innovations through formal and informal IP strategies . Because development projects are closer to the actual implementation of an invention or the introduction of a new product to the market, firms may appropriate the returns more easily.
Beyond differences in spillovers and appropriability, research and development activities are different in their risk and uncertainty profile. Karlsson et al. (2004) promote the idea that research is a more discontinuous process, which may or may not result in solutions whereas development is a more continuous search for solutions to an existing set of ideas. Such differences in risk and uncertainty translate into different sensitivities of research versus development investments to imperfections in the financial markets. Czarnitzki et al. (2011) find for a sample of Flemish firms that research investments are much more dependent on firms' internal financial resources compared to development projects.
Given this heterogeneity of activities within the R&D process, it seems reasonable for policy makers to consider these specificities when designing innovation policy tools. With higher spillovers, more difficult appropriation and constrained access to external finance for research activities, the market failures for research is likely to be larger than for development activities.
Research projects may therefore justify a higher subsidy rate, i.e. the share of total project costs covered by the grant. Moreover, a distinct scheme may allow applying different selection criteria for research projects than for development projects, taking the specificities of research in terms of risk, duration and expected outcomes into account.
The Flemish R and D policy
Flanders, like many industrialized economies, has project-based R&D subsidy programs in place.
The Flemish funding agency (IWT), an independent government body, administers the permanently open and non-thematic R&D subsidy scheme. Any firm located in Flanders may submit a project in any technological field at any time of the year. An external board of referees evaluates the applications and decides whether the project is eligible for funding.
Over the past decade, the Flemish innovation policy moved its focus towards distinct grants for 'R' and 'D' projects that do not only differ in terms of the projects' focus, but also with respect to the share in total project costs borne by the funding agency. The share of cost covered by the government varies for industrial 'basic and strategic' research, 'experimental development, and prototyping' and so-called 'mixed projects'. For research projects, the base rate is about 50% and it is 25% for development. In both schemes, an additional 10% may be granted to medium sized firms and an extra 20% to small firms. Collaborative projects may receive another additional 10%.
The minimum project size is one hundred thousand euros and the subsidy is capped at 3 million euros per project.
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As can be seen in Figure 1 , since 1997 an increasing number of firms participated in the Flemish subsidy scheme and the total amount of funding more than doubled during this period.
From 1997 to 2009, the Flemish government co-funded a total number of 2,872 projects in 1,868 different firms. While the average size of the government's contribution per project remained rather constant over time, the overall number of co-funded projects doubled. Table 1 As can be gathered from Figure Based on the arguments in section two, as research investments may be more constrained compared to development investments, we expect the direct effects of a research grant to be larger than the direct effect of a development grant leading to H3:The direct effects from research subsidies on research expenditures are larger than the direct effects of development grants on development spending.
In addition to direct effects, there might also be cross-effects across schemes. That is, recipients of research (development) grants may also invest more in development (research) in response to the subsidy. The reasoning that leads us to expect positive cross effects starts from the premise that research and development activities influence the expected returns to innovation differently. The productivity of knowledge, i.e. a firm's effective knowledge base, creating innovative products and processes, results from the interaction between research and development activities.
Development is specific to the firm's business and, hence, necessary to develop an effective knowledge base that serves to improve the firm's position. Research on the other hand serves to improve the efficiency of development. In order to better understand how to conduct development, firms need to do research. Quoting Rosenberg (1990) : "A basic research capability is essential for evaluating the outcome of much applied research for perceiving its possible implications..." 7 Therefore, research can be regarded to be complementary to development. Several explanations as to the exact mechanisms for establishing a complementary relationship between research and development have been suggested in the literature (Nelson; 1959; Evenson and Kislev, 1975; . As research provides a codified form of problem-solving, it can increase the efficiency of development activities (Arrow, 1962) . In addition, research know-how serves as a map for technological landscapes guiding development in the direction of most promising technological venues avoiding thereby wasteful experimentation (Fleming and Sorenson, 2004) .
A better and more fundamental understanding of the technology landscape encourages non-local search for improving technologies as opposed to local search, leading to the exploration of more diverse development projects. In addition, research know-how leads to a better identification, absorption and integration of external (public) knowledge (Cohen and Levinthal, 1989; Gambardella, 1995; Cockburn and Henderson, 1998; Cassiman and Veugelers, 2006) . Faster identification, absorption, and integration of external knowledge in turn lead to increased productivity of the development process (Fabrizio, 2009; Cassiman et al., 2008) .
Although in the short run, research and development activities can be seen as substitutes competing for available fixed resources, in the long-run when resources are not fixed, research and development activities complement each other as outlined above. When research and development activities are complementary, the marginal returns of research increase with higher spending on development and vice versa. A consequence of a complementary relationship between research and development activities is that the cross effects from subsidies are positive, i.e. a higher subsidy for research will not only stimulate research expenditures, but also, because of the induced higher marginal returns from development with higher research expenditures, research subsidies will also stimulate development expenditures and vice versa: development subsidies will also increase the marginal returns from research and therefore stimulate research expenditures. Firms that are more efficient in doing research, are more likely to have bigger cross effects, to such an extent that research subsidies could be even more powerful instruments to stimulate development than development subsidies.
In line with the above reasoning, we further hypothesize that 
Empirical strategy
The analysis of direct and cross additionality is pursued in three steps. First, we estimate direct average treatment effects as well as cross-scheme average treatment effects using a nearestneighbor propensity score matching procedure. IV regressions serve as robustness check taking potential selection on unobservables into account. Second, we make use of the detailed information on the size of the individual grants to estimate the impact of different levels of treatment, employing a generalized propensity score (GPS) method to estimate dose response functions (DRF). Finally, we we try to disentangle the factors driving the direct and/or cross effects by analyzing the heterogeneity of these effects in light of relevant firm characteristics.
a) Treatment effects estimation
The average treatment effect on the treated is estimated by the econometric matching estimator.
The econometric matching estimator directly addresses the question of "How much would a treated firm have invested in R or D if it had not received a subsidy?" Given that the counterfactual situation is not observable, it has to be approximated through an estimation procedure. In order to do so, we employ a nearest neighbor propensity score matching. That is, we pair each subsidy recipient with a non-recipient firm by choosing nearest "twins" based on their similarity in the estimated probability of receiving such a subsidy. The estimated probability stems from a probit estimation on binary variables indicating the receipt of a subsidy Sr or Sd, controlling for any observable characteristics able to drive the selection into the respective funding scheme. This setting thus allows us to take into account that subsidies (as well as the different type of grant) are not randomly distributed, but are subject to selection. Looking for the single most similar firm, the matching estimator accounts for this selection, and after having paired each treated firm with the most similar non treated firm, we can assume that any remaining differences can be attributed to the policy effect. In addition to the similarity in the propensity score, we further require firms in the selected control group to belong to the same industry and to be observed in the same year as the firms in the treatment group. 9 participation and potential outcome have to be independent for individuals with the same set of exogenous characteristics X. Thus, the critical assumption using the matching approach is to observe all factors determining the entry into the program. If this assumption holds, the average treatment effect on the treated firms can be represented as follows:
where Yi i.
ii.
iii.
It is important to note that the control group is always adapted to the treatment. That is, we always define the control group in such a way that it is exclusively composed of unsubsidized firms.
Concretely, this means that if we consider research as a treatment effect, for instance, we drop firms that have received a development grant, a mixed grant or a grant from any other (Belgian or non-Belgian) funding agency from the control group.
b) Impact of the amount of the treatment
In a second step , we incorporate the level of subsidies in a treatment effects analysis using a generalized propensity score to estimate a dose response function. While most evaluation studies on R&D subsidies limit themselves to estimating the average treatment effect based on a binary treatment variable, we take the grant size, i.e. the amount distributed via the subsidy scheme, into account. We follow Hirano and Imbens (2004) who developed a generalization of the propensity score matching for the case of continuous treatments. The generalized propensity score (GPS) is defined as
with Ti being the treatment level and Xi a vector of pretreatment covariates. Thus, the GPS can be estimated as in the binary treatment case by maximum likelihood (ML) estimation. We can then model the conditional expected outcome and derive the treatment-specific dose response function (DRF) on net research and net development expenditures as a function of T and GPS.
For obtaining the DRF, we average the estimated conditional expectation
c) Heterogeneity of the direct and cross effects across firms
Finally, we study the individually estimated treatment effects to explore the heterogeneity of treatment effects across firms. In order to do so, we derive the estimated treatment effects * at the firm level as: *
4 See Bia and Mattei (2008) for the technical details and Bia et al. (2011) for an application to R&D subsidies.
This individual treatment effect is simply the deviation of the treated firms' net expenditures on research or development from those of its matched twin. Based on this individual effect, we analyze whether certain firm characteristics explain direct and / or cross effects.
Data
The public funding information has been provided by the funding agency IWT and contains detailed information on the duration of the project, the total amount received and the type of subsidy scheme under which the subsidy had been granted. collected by using text field search. We checked all potential hits of the text field search engine manually before merging it to the firm-level survey data. Finally, we collected the firms' balance sheet information, in particular the firms' tangible assets, from the Belfirst data base provided by Bureau van Dijk.
After the elimination of incomplete records, the final sample contains a total number of 4,442 firm-year observations corresponding to 1,252 different firms. About 20% of these firms have benefitted from some type of IWT subsidy. Roughly five percent of the firms have reported the receipt of a subsidy from another funding source, such as the federal government or the EU during that time. Table 2 presents some descriptive statistics in terms of the grant distribution. While about 9% of the firms of our sample benefited from a development grant during the period under review, only 5.5% received a research grant. When considering exclusively subsidized firms, we see that on average 27% of the firms benefitted from a research grant, as compared to 44% receiving a development grant. In terms of grant size, the average annualized amount for a development grant among the recipient firms is close to 54 thousand Euros compared to 37
thousand Euros for a research grant. As firms may hold multiple grants, the overall annualized amount is about 230 thousand among the grant recipients. The median is lower with about 83
thousand Euros in a given year. 
Research and Development investment variables
The outcome variables in the treatment effect estimation are firms' R&D (as well as R and D) intensity, which are the ratios of R&D (respectively R and D) to sales, multiplied by 100. The total annual R and D expenditures are taken directly from the survey after the survey data been systematically checked for plausibility and consistency. As we have information on the subsidy 13 amounts received, we have constructed our outcome variables as net amounts of R and D spending.
That is, we have deducted the annualized amount of the subsidy from the firms' total R and D expenditures. We distributed the full amount of the grant equally over the years of duration of the project. For the baseline model, the subsidies of the mixed-scheme have been deducted 50% from 'R' investment and 50% from 'D' investment. 6
Probability to receive subsidies
We model the receipt of a subsidy by a dummy variable equal to one if a firm received financial support, zero otherwise. This yields three main explanatory variables: the receipt of any subsidy (SUB), a research project grant (Sr) and a development project grant (Sd).
We control for other characteristics, likely to influence the receipt of either one of our two policy treatments. The number of employees takes into account possible size effects. Given that this variable is skewed, it enters the model as a natural logarithm (lnEMPL). We also allow for a potential non-linear relationship by including (lnEMPL 2 ). We further include a dummy variable that is equal to one if a firm qualifies as a SME (SME). Belgian SMEs are eligible for a higher subsidy rate than large-size firms, which may impact the likelihood of applying for, and hence, receiving a subsidy. The higher subsidy rate for SMEs can be received for any funding scheme and no difference is made between R or D projects.
In addition, we include a dummy variable capturing whether or not a firm is part of an enterprise group with a foreign parent company (GP_FOREIGN). It is a-priori not clear whether belonging to a group with a foreign parent has a positive or negative influence in the receipt of a subsidy by the Flemish funding agency. Firms that belong to a group with a parent located in a different country may be less likely to apply for a subsidy in Belgium than other firms. In addition, firms having a large majority shareholder do not qualify for the Belgian SME programs in which 6 Co-funded mixed projects are included in the treatment for "any scheme". Given that we are mainly interested in the direct and cross effects of the research and the development grant schemes, we do not undertake a separate analysis for the mixed grant scheme. In order to perform our analyses on the net amount of our outcome variables, we do deduct the amounts of the mixed scheme grants from R&D (respectively 'R' and 'D') intensity. This ensures that our outcome variables are net of any type of grant and that we really only consider private investment in our outcome measures. Since we cannot be sure about the exact distribution of this scheme for both components, we re-estimated our findings using a 30/60 respectively 60/30 distribution as a robustness check (results are presented in Tables A.4 and A.5 of Appendix 3). 7 SME follows the definition of the European Commission, according to which an SME should have less than 250 employees and has either sales less than 50 million euros (or a balance sheet total of less than 43 million euros). 14 higher subsidy rates are attributed to recipient firms, giving them less incentives to apply. On the other hand, firms with a foreign parent company might enjoy a larger network and be better able to incur the application costs.
The log of the firm's age (lnAGE) is included in the analysis as older firms may have more experience than younger firms reducing their application costs. On the other hand, young firms are more likely to be financially constrained than older or more established firms are, and might therefore be more likely to apply for public support. Similar as for size, we allow for a non-linear relationship by included lnAGE 2 .
We further control for whether a firm collaborated for its R&D activities (CO). Given the Belgian funding agency encourages firms to collaborate for the R&D activities (for both, R and D programs), being a collaborator may be an important determinant in receiving, and applying for, public support.
R&D experience, especially if successful, may increase firms likelihood to apply again and to be granted a public subsidy. To capture these dynamics, we include the firms' past patent stock in our regression. Patent stocks (PS) are computed as a time series of patent applications with a 15% rate of obsolescence of knowledge capital, as is common in the literature (see e.g. Griliches and Mairesse, 1984; Jaffe, 1986) :
where PATAPPL is the number of patent applications in each year. The patent stock enters into the regression as patent stock per employee to avoid potential multicollinearity with firm size (PS/EMP). Just as past successful R&D projects might play an important role for the application and granting of a subsidy, experience with a specific funding scheme might drive the selection process. In order to consider this, we construct a dummy variable capturing if a firm had a subsidized project in the previous three years in any funding scheme.
In addition, we include firms' capital intensity in order to control for differences in the technologies used in the production process. Companies having a more capital-intensive production might rely more heavily on R&D than labour-intensive firms.
Finally, sixteen industry dummies are included to control for unobserved heterogeneity and technological opportunity or appropriation across sectors (See Table A .2 of Appendix 2 for the distribution of firms across industries). Ten time dummies are included to capture macroeconomic shocks and changes in the policy design over years. The information on funding sources other than IWT is obtained from the survey. Firms are explicitly asked to indicate regional, national and supranational funding sources for supported R&D projects. Table 4 shows the results of the probit estimations on the likelihood to receive subsidies. This serves as basis for the propensity score matching. The first model predicts the probability of the receipt of any type of subsidy, ignoring the distinction between research grants and development grants. The second and third model differentiate between receiving a research and a development subsidy. Notes: *** (**, *) indicate a significance level of 1% (5%, 10%). All models contain a constant, industry and year dummies (not presented). "Any type of subsidy" includes research subsidies, development subsidies and mixed grants. † We lose 104 observations in the estimation on the probability of receiving a research grant, as no firm in the pulp and paper industry received such a grant.
Descriptive statistics
Empirical results
The matching results
As can be seen from Table 4 , past research, development and mixed grants significantly determine current subsidy receipts for any type of subsidy. When disentangling research subsidies versus development subsidies, the incumbency effect is much stronger within programs, but there are also cross-scheme incumbency effects, particularly from past development scheme experience into current research subsidy receipts. In terms of past research experience, the patent stock per employee only displays a significant impact for research (or any type of) grants, but not for development ones, confirming patent stock as signal of quality/success is particularly important for the more risky and uncertain research activities. Being part of a group with a foreign parent displays a negative impact on the receipt of any type of grant. Past R&D collaboration is highly significant in driving the selection into any type of subsidy scheme, showing the importance attributed to collaboration by the funding agency. Finally, we do not find any evidence that size matters for the selection into the program. It should be noted though that while the size variables are individually not significant in driving the selection into receiving a grant, they are jointly significant in terms of receiving any type of subsidy (chi Table 5 presents the results of our matching estimation.
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We find positive additionality from any subsidy on all outcome variables of interest. This positive additionality from R&D grants on R&D (as well as 'R' and 'D') confirms previous findings. It is re-assuring to see that even though previous estimations were mainly based on gross amounts, we find similar results when using the net amounts. We can thus complement previous findings that rejected a total crowding-out by finding evidence allowing us to reject partial crowding-out. This is the case for the overall receipt of any subsidy as well as for the specific subsidy schemes.
To further analyze our predictions in terms of direct and cross effects, we present in Table   5 t-tests on mean difference between the average treatment effects across treatments. For research grants, we see a significant direct effect as well as a significant cross effect, and that both effects 9
In order to ensure a balanced matching for both subsidy schemes, we use the log of firm size as an additional matching criterion when estimating the effect of the development subsidy scheme. As explained in the previous section and found by previous theoretical papers, development is often done primarily by larger firms. This is also the case in our data, where development subsidies were predominantly received by larger firms. This had thus to be taken into account to make sure that adequate neighbors could be found for the estimation of our control group. are of similar size (confirming Hypotheses 1 and 4). Indeed, as shown by the t-test, the difference is not statistically significant. In terms of the impact of development subsidies, the picture looks different. While there is also a direct as well as a cross effect. This confirms Hypotheses 2 and 4. Interestingly, the cross effect from D to R is significantly higher than the direct effect from D to D as shown by the t-test on mean difference.
Looking at the magnitude of the treatment effects, it turns out that in line with our Hypothesis 3, the direct effect from R to R (0.031 percentage point increase in research intensity) is larger than the direct effect from D to D (0.014 percentage points increase in development intensity).
When analyzing the impact of both subsidy types on research intensity, we see that the effect from a research grant on research expenditures (0.031) is lower than the impact triggered by the development grant (0.055). Based on the t-test on mean difference, we can conclude that this difference is not statistically significant though. Likewise, when comparing the impact of both types of grants on development intensity, we find that the difference is not statistically significant. Notes: *** (**, *) indicate a significance level of 1% (5%, 10%). Only outcome variables are presented as control variables are all balanced after the matching.
10 As shown by the overall significance of the probit after the matching, the matching was balanced in all three cases. The test statistic reads as follows for the three cases under review: Wald Chi 2 (36) = 16.03, Prob > Chi 2 = 0.998 for the case of any subsidy, Wald Chi 2 (35) = 9.95, Prob > Chi 2 = 1.00 for the case of a research subsidy and Wald Chi 2 (36) = 18.72 (Prob > Chi 2 = 0.992) for case of receiving a development grants.
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In terms of the policy trend outlined in the previous section and as could be gathered from Figure   2 , we observe a policy shift from supporting mixed projects towards targeted R and D support as of around 2005 onwards. When we compare the average treatment effect in the period prior 2005 to the one afterwards (Table 6 ), we indeed find that the average treatment resulting from any subsidy is higher under the targeted regime, i.e. with R and D grants rather than supporting mixed projects. In particular, we find an average treatment effect (ATT) equal to 0.044 for the period until 2004 and an average treatment effect (ATT) equal to 0.078 for the post-2005 period. The difference is statistically significant (Pr(T<t) = 0.042). When we test which component of R&D had benefited from the policy shift, we find that research intensities increased more than development. Although we find both effects to be higher in the more recent period, the difference is only significant for research intensities. 
2005-2009
Any subsidy 0.078*** 0.058*** 0.020*** Pr(T<t) 0.042** 0.028** 0.310 Notes: *** (**, *) indicate a significance level of 1% (5%, 10%).
T-test on ATT difference
5.2.Robustness check: Potential selection on unobservables
Given that the matching estimator only controls for the selection on observables, we test whether the main conclusions change if we account for a potential selection on unobservables. In order to do so, we estimate instrumental variable regressions. Given that the receipt of a research subsidy might depend on different criteria than the receipt of development subsidies, we constructed separate instruments for either one type of treatment.
We instrument the receipt of a research grant by two variables, namely the mean number of supported research projects by industry, size class and year and a variable capturing whether 21 the firm was previously engaged in collaboration that aimed at knowledge transfer. The rationale behind the former is that the more research projects supported within a certain industry and size class, the higher the likelihood that a firm i within this industry and size class may receive a grant.
However, R&D intensity of firm i is not affected by the sector and size averages of this type of grant. The rationale behind the second variable is that firms engaging in collaboration which the aim of knowledge transfer may be more inclined to build on the knowledge acquired through this collaboration by engaging further into research in order to implement the knowledge into its own research projects in the future. As a consequence, the likelihood of applying (and hence receiving) a grant might be higher for these firms.
We instrument the receipt of a development grant by three variables. The first is the mean number of supported development projects by industry, size class, and year. The rationale behind this instrument is the same as the one presented for the research grants. In addition, we use previously supported development projects (three-year-lag) as a measure for experience with the funding scheme and the type of project. Third, we use collaboration with suppliers by year and and type of ownership structure (i.e. is it a domestic firm or foreign owned firm), as both these characteristics might drive the selection into applying as well as into receiving a development grant. All five instrumental variables pass the standard criteria of relevance and exogeneity. The results from the two-stage least squares regressions are presented in Table 7 . As can be gathered from the subsidy coefficients, our previous conclusions hold. The direct effect of a research grant is positive and significant, and larger than the direct effect of a development grant on development spending. In line with our previous findings, we find that the cross effect from D to R is larger than the direct effect from D to D. 
5.3.The dose response function (DRF) results
While the matching analysis allowed us to conclude that on average, the treatment effect is positive, the dose response function allows us to see whether the size of the subsidy matters in terms of net investment. The estimated DRF on expected net expenditures by level of treatment is shown in Figure 3 . The subsidy amounts as well as the outcome variables are in logs so that the slope of the DRF is the elasticity of R and D spending with respect to the subsidy. On the left hand side, the graphs show the direct effects and on the right hand sides the cross effects.
For research grants, increasing the treatment level corresponds to lower levels of expected research investments for the first third of the treatment distribution. From that threshold onwards,
an additional unit of the subsidy leads to a higher level of net investment. Only for the very high treatment levels, the relationship inverses again. As can be gathered from the graphs, the DRFs based on research grants as treatment show quite comparable patterns for the direct and cross effect, the latter being slightly flatter. This was to be expected given that we saw in the previous section that on average, the impact of a research grant is similar for R and for D expenditures. In both cases, the linear model would have predicted a positive relationship for all values of the treatment, while the DRF suggest that the positive effects prevail mostly in the area of larger subsidy amounts.
For development, the elasticity is low for grants smaller than the mean, but increases afterwards. Again, cross and direct effects follow a similar pattern. In all four cases, at the mean value of the subsidy amounts (vertical line), the elasticity is positive, meaning that an increase in the subsidy amount is associated with an increase in net spending. Overall, the dose response analysis seems to suggest an effective minimum subsidy amount and that -as long as the dose is not too large -an increase in the subsidy amount does translate into additional net spending by the recipient firms. 
Heterogeneity in the treatment effect
Not all firms may respond to the receipt of a subsidy in the same way. Table 8 shows the share of negative individual treatment effects, the share of positives and the share of treatment effects equal to zero. Given the considerable variation in the individual treatment effect, it is interesting to look at which firm attributes may impact the size of the treatment effects. Firms may be more likely to increase their investments once additional financing becomes available if they had put projects on the shelf due to a lack of financing. Since especially young small and medium sized firms may face financing constraints leading to shelved projects (e.g. Czarnitzki and Hottenrott 2011a; Cincera et al. 2014) , one may expect a larger average treatment effect for these firms.
We estimate correlations between firm age and firm size and the direct and cross effects using OLS. We consider a firm to be young if it has been founded less than 7 years ago and small if it Table 9 summarizes the results. For research grants, grant size positively affects the size of the direct treatment effect, but the effect is not particularly strong at the mean as the DRF analysis already suggested. Medium sized firms have a direct effect of research grants on research intensity that is about 7% larger than that of larger firms. While we do not find any significant effects for firm age, we find that young and small firms show a significant higher cross effect from R to D (22.3%). These results suggest that research grants facilitate additional development spending in these firms. For development grants, we find none of the firm characteristics to explain the direct treatment effect. For the cross effect on research, however, we find again that medium sized firms are associated with significantly higher cross effects, about 6% higher on average. 
Conclusions
This study analyzes how subsidies for research and development affect the net investment levels for these activities. Studying a data set with information on the grants and their recipients, we first find that public grants increase net R&D spending, on average, thus allowing us to reject the hypotheses of total as well as partial crowding out. Our findings refine previous insights by showing that research grants yield a higher average additionality than development grants. Second, we find that research and development subsidies not only trigger direct but also cross effects. While we find that development subsidies have a relative small direct effect on net development expenditures, they stimulate research expenditures. Research subsidies on the other hand spur own research as well as development, and this to a similar extent.
These results point to two phenomena. On the one hand, the direct effect may be larger for research grants, because research investments are more uncertain, more risky, more costly to finance and their results may be more difficult to appropriate. If firms for these reasons do not pursue research projects in absence of a subsidy, they may do so if a significant share is covered by a grant. For development projects, the market failures are less severe and a subsidy may therefore not have the same "additionality power". The significant cross-effect from a development grant on research activities may, however, point to the fact that the additional funding facilitates additional research project by allowing the firm's budget to shift from development to the more constrained research activities. The complementarity between research and development may explain the cross-effect that we observe from research grants on development activities. If a research subsidy facilitates additional research, this may also enable the firm to further pursue their product or process development at a larger scale. Analyzing the heterogeneity in the individual firm treatment effects shows that this cross effect is especially high for young and small firms.
Based on these findings, we can conclude that even though both subsidy schemes affect both parts of the R&D process, targeting subsidies to the research and development stage increased the overall amount of R&D invested in the economy. We further find that the dose matters: as long as the grant size is not excessive, larger doses generate higher additionality effects, both direct and cross-scheme.
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Based on these findings, a major policy implication seems to be that specific schemes that take into account the peculiarities of the different components of the R&D process may increase efficiency of public co-funding programs. The results also encourage supporting projects in the early stages of R&D activities. These results should raise policy makers' awareness that development subsidies may have an effect on the type of activity that is relatively more likely to be affected by market failure. Supporting research projects in young and small firms may not only yield direct effects on the firms' research intensities, but also translate into additional development projects.
We strongly encourage further research on the efficacy of policy schemes in different environments in order to assess the generalizability of the insights gained in this study. Step 1 Specify and estimate a probit model to obtain the propensity score   P X .
Appendices Appendix 1: Detailed Matching Protocol
Step 2 Restrict the sample to common support: delete all observations on treated firms with probabilities larger than the maximum and smaller than the minimum in the potential control group. This step is also performed for other covariates that are possibly used in addition to the propensity score as matching arguments. In our case, industry classification and year for instance. This variant is called hybrid matching (see Lechner, 1998) . Furthermore, for the case of development grants, we use firm size as an additional criteria.
Step 3 Choose one observation from the subsample of treated firms and delete it from that pool.
Step 4 Calculate the Mahalanobis distance between this firm and all non-subsidized firms in order to find the most similar control observation.
where  is the empirical covariance matrix of the matching arguments based on the sample of potential controls. We use caliper matching, first introduced by Cochran and Rubin (1973) . The intuition of caliper matching is to avoid "bad" matches (those for which the value of the matching argument Zj is far from Zi) by imposing a threshold of the maximum distance allowed between the treated and the control group. That is, a match for firm i is only chosen if ||Zj -Zi|| < ԑ, where ԑ is a pre-specified tolerance.
Step 5 Select the observation with the minimum distance from the remaining control group. (Do not remove the selected controls from the pool of potential controls, so that it can be used again.) If the control group is empty after applying the caliper threshold, the treated firm is dropped from the sample and is not taken into account in the evaluation.
Step 6 Repeat steps 3 to 5 for all observations on subsidized firms.
Step 7 Using the matched comparison group, the average effect on the treated can thus be calculated as the mean difference of the matched samples:
1 with being the counterfactual for i and n T is the sample size (of treated firms).
Step 8 As we perform sampling with replacement to estimate the counterfactual situation, an ordinary t-statistic on mean differences is biased, because it does not take the appearance of repeated observations into account. Therefore, we have to correct the standard errors in order to draw conclusions on statistical inference. We follow Lechner (2001) and calculate his estimator for an asymptotic approximation of the standard errors.
11
The matching protocol follows Gerfin and Lechner (2002) .
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Appendix 2: Industry and size class distribution 
